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INTRODUCTION
Bending is one of the most important processes in sheet metal forming to yield the desired shape and size. When a sheet metal is taken out of the die after the bending process, spring-back will occur, which will affect the precision and quality of products. Accordingly, minimizing the spring-back effect will avoid re-processing and greatly reduce the time and cost of die development. Livatyali and Altan [1] conducted a set of experiments and concluded that the following process parameters would heavily affect the springback in straight flanging: the punch nose radius, the die corner radius, the punch-die clearance, pad force, and the material type. In order to minimize the maximum bending load and springback. Bahloul et al. [2] proposed three optimization procedures based on the response surface method by an experimental approach. Levy [5] constructed an experimental equation to predict the degree of springback, and took the yield strength, bending radius, die clearance, and the thickness of the sheet metal into consideration.The adaptive network fuzzy inference system (ANFIS) was first introduced by Jang in 1993 [6] . Lin and Liu [7] adopted an ANFIS to predict the surface roughness of the chemical-mechanical polishing processes. Sharma et al. [8] estimated the tool wear rate in turning operations using ANFIS. Hayati et al. [9] developed ANFIS model for prediction of the heat transfer rate of the wire-on-tube type heat exchanger. This paper presents the implementation of the ANFIS to predict the springback angle of the SPCC sheet metal after U-bending. Three parameters were selected as the main factors of affecting the spring-back (SB) after bending, including the die clearance (DC), the punch radius (PR), and the die radius (DR), were experimented on U-bending. We obtain the training data of the ANFIS from experimental results. In predicted model of ANFIS, four different types of membership functions (triangular function, trapezoidal function, bell function, and Gaussian function) were adopted. The results from the four developed prediction models were compared with the verification data to confirm the feasibility of this approach.
ANFIS Approach
ANFIS is employed to model the relationship between the features of bending parameters and vibration signal with the measured values of springback. The architecture of ANFIS was first introduced by Jang in 1993 [11] . To apply the ANFIS, we consider three inputs DC, PR, and DR, and a single output SB in the fuzzy inference system. The architecture of ANFIS used in this paper is shown in Figure 1 . The Sugeno fuzzy model is utilized in fuzzification and defuzzification of the system. For a first-order Sugeno fuzzy model, a typical rule set with 27 fuzzy if-then rules can be expressed as:
Rule n: If ( DC is A i ) and ( PR is B j ) and ( DR is C k ) then (f ijk =p ijk DC+q ijk PR+r ijk DR+s ijk ) where n=i+(j-1)×3+(k-1)×9 ( i, j, k = 1, 2, 3), A i , B j and C k (i, j, k = 1, 2, 3) are the linguistic terms of the precondition part with membership functions µ Ai (DC), µ Bj (PR), and µ Ck (DR), p ijk , q ijk , r ijk and s ijk (i, j, k = 1, 2, 3) are the consequent parameters, and fijk is the output variable. The complete ANFIS consists of five layers, the fuzzy layer, production layer, normalization layer, de-fuzzy layer, and total output layer.
Experiments Experimental factors planning
In this paper, we discuss the factors that affect the SB after U-bending. These factors include the DC, PR, and DR, as shown in Figure 2 . First, we set three levels for each of the factors of the prediction model. For the DC, we decide the mean value of three chosen values that equals thickness 0.5mm of sheet metal as the basis. Then, we choose one values that are smaller than the basis and two values that is greater than the basis, with an incremental value of 1/10 of the basis. The three levels for the DC are 0.475mm, 0.525mm, and 0.575mm. For the PR, we choose PR =1mm as the basis with an incremental value of 2mm. The four levels for the PR are 1mm, 3mm, 5mm, and 7mm. For the DR, we choose DR =2mm as the basis with an incremental value of 2mm. The three levels for the DR are 2mm, 4mm, 6mm, and 8mm. Therefore, there are 48 different combinations, as shown in Table 1 . The experimental result of each combination is used to construct the model to predict the SB angle.
In addition, we set the levels for each of the factors of the checking model, where the value of each level is the mean value of the corresponding values in the prediction model. Therefore, the two levels of the DC are 0.5mm and 0.55mm. The three levels of the PR are 2mm, 4mm, and 6mm. The three levels of the RD are 3mm, 5mm, and 7mm. There are a total of 18 different combinations, as shown in Table 2 . The verification data of each combination are used to verify the accuracy of the prediction model.
Experiments Planning
We used the CATIA software to design the experiment bending die, which include the punch, the die, the pad and the other auxiliary components. Once the design was finished, those components were processed and assembled, as showed in Figure 3 . Following is a list of the experimental procedures:
(1) According to the combination described in Table 1 and Table 2 , attach the punch and the die to the die seat.
(2) Setup the experiment bending die to the press machine.
(3)Adjust the die clearance to be in accordance with the value described in Table 1 and Table 2 .
(4) Clean the experiment sheet, and give a number to it. (5) Place the experiment sheet on the experiment bending die, and start the bending experiment. (6) After the loading is removed, SB of the experiment sheet occurs. (7) Use the optical projector machine (Brand: Nikon, Model: V-12B) to measure the SB angle.
The experiment for each of the combinations shall be conducted five times. With the highest and lowest values being discarded, the value of the degree of the SB is the mean values of the remaining three values. Table 1 and Table 2 show the experimental results.
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Construction of the ANFIS system
We used the ANFIS theory to construct the model to predict the SB angle after bending. MATLAB 7.01 Fuzzy Logic Toolbox was used in our research. The experimental results of the SB angle for U-shape bending are used as the training data (48 groups, as shown in Table 1 ) for the prediction model. The training data has three input parameters (the DC, PR and DR), and one output (the SB angle), as shown in Figure 4 . First we load the training data into MATLAB Fuzzy Logic Toolbox, and choose a membership function. We can choose different membership functions for each of the input parameters. The chosen membership functions are triangular membership function, trapezoidal membership function, bell membership function, and Gaussian membertship function. After the model is trained using the hybrid-learning rule, the results output by different membership functions were verified against the verification data (18 groups, as shown in Table 2 ). The accuracy of each membership function is determined using the root-mean-square-error (RMSE). The prediction model with the smallest RMSE is the best Table 1 shows the RMSE for each of the result output by the aforementioned four different membership functions. Comparing with the training values, the RMSE of the predicted springback degrees output by triangular membership function, trapezoidal membership function, bell membership function, and Gaussian membership function are 0.0307, 0.0308, 0.0313, and 0.0311 respectively. The prediction model using triangular membership function has the smallest RMSE. Figure 5-7 shows the comparison between the triangular membership function of the three input parameters before and after the training respectively. As shown in the figures, the triangular membership function of the DC and PR differs greatly before and after the training, and the triangular membership functions of the DR changed locally before and after the training.
Results and Discussions Comparison of prediction models using different membership functions
Moreover, the 18 groups of verification data were fed into the prediction models those were constructed using the triangular, trapezoidal, bell and Gaussian membership functions. The ERMS of the output are 20.23%, 29.68%, 78.87%, and 76.01% respectively, as shown in Table 2 . Therefore, the prediction model using triangular membership function also has the smallest RMSE and the best predictive value. Impact of the bending parameters on the SB Figure 8 show the impacts of the DC, PR, and DR on the SB for U-shape bending. The smaller the DC, the smaller the SB angle, because the smaller clearance generated higher compressive stress in the bending area of the sheet during the bending process can reduce larger force that brings the sheet back to its original shape. A smaller PR can also reduce the SB angle, since sheets are subject to greater bending. The purpose of the DR is to make the bending process easier. As shown in the figure, it has a very small impact on the SB. Therefore, the SB angle is proportional to the DC, and the PR, and the DR.
From Figure 8(a) , it can be seen that the slopes of PR is higher than the slopes of DR. In Figure  8 (c), the slopes of PR is higher than that of DC. Therefore, PR has the most impact on the SB. 
Conclusions
Our research used the ANFIS and the training data collected by the Experiments to construct the predicted model to forecast the springback angle for U-shape bending. The predicted model was verified by comparing the predicted values with the checking data. Based on our research, we have drawn the following conclusions:
The model constructed using the ANFIS theory can effectively predict the springback angle of U-shape bending by using three bending parameters (die clearance, the punch radius, and the die radius).
We used the ANFIS to train four different membership functions to determine the most suitable model. The prediction model using triangular membership function has the smallest RMSE (0.0307) after the training. The 18 groups of verification data were fed into the prediction model that was constructed using the triangular membership function. The RMSE of the output is 0.2023, which is also the smallest.
We can obtain that the most suitable membership function is the triangular membership function.
